of regions to be mapped, explaining scientific and technological change, and identifying further opportunities for recombination and innovation. So far, the literature has mainly focused on descriptive and structural analyses of knowledge space, on systemic empirical analysis of the role of relatedness in the emergence of new knowledge across regions, on development of specific technologies/scientific fields, on the varying importance of relatedness across knowledge fields, on spatial or economic context and on whether the position of cities in knowledge space can explain innovation performance, technological resilience or can reveal the complexity of its knowledge bases. In this chapter I review this recent empirical work and discuss its implications for further academic research and innovation policy.
RELATEDNESS AND THE GEOGRAPHY OF INNOVATION
The literature on relatedness and related variety is mainly based on an evolutionary approach to economic activities and innovation (Boschma and Frenken, 2006, 2011; Frenken et al., 2007; Boschma et al., 2015) . From this perspective, the evolution of knowledge in space and over time is the result of complex and non-linear dynamics, emerging out of interactions between actors that have heterogeneous capabilities. The dynamics of knowledge production and technological change are therefore conceptualized as a cumulative, path-dependent and interactive process. In this Schumpeterian view of innovation and technological change, new knowledge items do not emerge randomly, nor can they be produced in pure isolation. As Weitzman (1998, p. 333) put it, recombinant innovation is really about how 'old ideas can be reconfigured in new ways to make new ideas'. Therefore, the reasoning behind the concepts of relatedness and related variety is that new knowledge is a recombination of old knowledge, though new knowledge is expected to branch out from related pre-existing knowledge (Boschma and Frenken, 2011) .
So why does new knowledge tend to follow such path-dependent development, why does it branch out from related pre-existing knowledge? Knowledge dynamics, broken down at the global, national or regional level, are just a higher-order reflection of microlevel dynamics and behaviour of firms and other organizations. In fact, what we observe at the macro-level is the aggregate result of a search process, where actors look for existing knowledge, recombine it and provide new knowledge to other actors. But firms are heterogeneous in terms of capabilities and knowledge bases (Giuliani and Bell, 2005; Boschma and Frenken, 2006) . They develop and accumulate specific routines that are persistent and difficult to replicate by outsiders (Nelson and Winter, 1982) . This variety and heterogeneity of capabilities and knowledge bases give rise to different levels of cognitive distance and proximity among actors. Cognitive proximity refers to the degree of similarity of organizations' knowledge bases (Nooteboom, 2000; Boschma, 2005) and is a critical dimension for communication and knowledge transfer between partners. Empirical analyses have shown that cognitive proximity is a crucial factor that drives the evolution of knowledge networks (Balland, 2012; Balland et al., 2013) . Therefore, one is more likely to observe recombination of knowledge from related knowledge domains than from unrelated ones at the macro-level because firms and organizations from different fields lack cognitive proximity.
Relatedness and related variety express this idea, and both concepts reflect similar evolutionary roots and underlying conceptions of knowledge dynamics (Boschma and Gianelle, 2014) : but, to remain consistent, I shall mainly refer to relatedness rather than related variety in this chapter. The main difference between the two concepts, however, lies in their different units of analysis. Relatedness refers directly to the degree of relatedness between two knowledge items, such as two patent technology classes (Rigby, 2015; : so it is basically operating at the dyadic level, like the proximity concept (Boschma, 2005; Torre and Rallet, 2005; Carrincazeaux et al, 2008; Balland, 2012) . Related variety, on the other hand, is an attempt to summarize and aggregate the 'average' relatedness of knowledge bases in a region (Frenken et al., 2007) . So the unit of analysis is at the regional or group 1 level, reflecting its technological composition, looking, for instance, at the portfolio of technological classes (Castaldi et al., 2014) . In that respect, the related variety literature contributes to the diversity versus specialization debate (Beaudry and Schiffauerova, 2009; De Groot et al., 2009) .
The idea that innovation and technological change can be understood as a cumulative, path-dependent and interactive process implies that knowledge dynamics are a spatial phenomenon. In fact, recombination can occur through different channels that tend to exhibit a strong spatial dimension. For the last two decades, the geography of innovation literature has provided many examples of the concentration of knowledge production and exchange (Audretsch and Feldman, 1996) . A crucial feature of the different channels of knowledge transfer is that they generally take place at the regional level, leading to an uneven concentration and distribution of knowledge across space. Recent empirical studies confirm that collaborations are more likely to develop locally (Balland et al., 2013) , but also that the mobility of knowledge workers and their social linkages are geographically bounded (Almeida and Kogut, 1999; Breschi and Lissoni, 2009) . Interestingly, the movement of codified knowledge, such as technical knowledge contained in patents, also seems to display a strong geographical bias (Jaffe et al., 1993) . It is increasingly recognized that in a knowledge-based economy, the localized nature of knowledge transfer also requires place-based innovation policy (Barca et al., 2012) . The spatial dimension of the main channels of knowledge transfer implies that knowledge recombination trials (and successes) often occur in a spatial context, leading to a double mechanism of knowledge dynamics, which are both time-path and place-dependent .
Following this evolutionary approach it is clear that new knowledge tends to follow a place and path-dependent development, where new knowledge branches out from related pre-existing knowledge. Figure 6 .1 illustrates this idea. Let's assume for simplicity that the world consists of 11 knowledge domains (dark circles). Some are related (links between two knowledge domains), like K2 and K3, other are not, like K6 and K8. The region (delimited by the black circle) has 5 knowledge bases, from K1 to K5. The implication of relatedness and branching mechanisms is that the development of this region will be strongly biased towards knowledge diversification into K7 instead of K6, for instance. In fact, K7 is related to K1 and K4, which are both already in the region's portfolio. This knowledge structure reflects the fact that many of the skills and capabilities required to produce K7 are already in the region. On the contrary, K6 is absolutely unrelated to the knowledge structure of the region, so it is very unlikely that this region will start producing K6.
The relatedness framework emphasizes that new knowledge tends to follow a path-dependent development, where new knowledge branches out from related preexisting knowledge. But what are the consequences of this idea for the development and growth of cities and regions? It basically means that new ideas, innovation or new technologies cannot just emerge anywhere in the world. On the contrary, new knowledge will systematically tend to emerge where pre-existing, related knowledge already exists. So relatedness is clearly shaping the geography of innovation. It also means that regions cannot easily make big jumps into new scientific or technological fields . Investing in fashionable fields such as biotechnology or nanotechnology is a risky strategy if the region lacks related capabilities. Therefore, it is important to characterize regional knowledge structures, that is, to map the specific knowledge bases of regions and their degree of relatedness with external knowledge bases in order to reveal scientific and technological opportunities.
THE KNOWLEDGE SPACE
Empirically, the idea of relatedness in the geography of innovation literature has mainly been formalized as a network, the knowledge space, following Hidalgo et al.'s (2007) paper. Hidalgo et al. developed the product space framework, which is a network-based representation of the economy. In this network, the nodes define product categories and the ties between them indicate their degree of relatedness. The central idea, developed by Hidalgo and his colleagues to capture relatedness, is to look at how often two products are co-exported by countries. Relatedness is essentially operationalized using the same principles as Amazon's 'Customers Who Bought This Item Also Bought . . .' algorithm. The disruptive business model of Amazon was to define products as related if they are frequently bought together instead of looking at traditional product classifications. This is the same idea with the product space, defining relatedness in an agnostic way, as an outcome-based measure. The assumption behind the relatedness approach in product space is that if two products are co-exported by many countries, they most probably require the same capabilities (Hidalgo et al., 2007) . So co-export is a reflection of the internal capabilities in a country. Similarly, a knowledge network could be constructed by examining the co-production of similar knowledge domains, by evaluating if 'regions that produce knowledge K1 also produce knowledge K2'. The technological or scientific fields K1 and K2 will be assumed to be related if they are often co-produced in the same regions: being successful in both implies that K1 and K2 probably require similar (unobservable) capabilities. Using this framework, one can construct the technology space, which is a network-based representation of the relatedness between all the technologies that can be found in a given patent dataset (Rigby, 2015; . Similarly, one can construct the scientific space, which in this case would be defined as a network-based representation of the relatedness between all the scientific domains that can be found in a given publication dataset . For the sake of clarity, and also given the wide literature interested in innovation and technological change, I shall focus on the case of patent data to illustrate the construction of knowledge space.
Even though patented inventions do not capture all forms of invention and knowledge production, they contain a large set of information that has been extensively used for the analysis of knowledge creation and diffusion processes (Jaffe et al., 1993) . For the study of technological change and knowledge dynamics, a key unit of analysis lies in the technology classes that are listed in patent documents. Patent data allow for the systematic analysis of the production of technological knowledge over time and across space, as several patent databases are publicly available for research purposes.
In this n*n network, each node i (i =1,. . ..,n) represents a specific technological class, as defined by the United States Patent and Trademark Office (USPTO), European Patent Office (EPO), Japan Patent Office (JPO) or other classification system. Indeed, patents are classified into one or more distinct technology classes that reflect the scope of the approved claims listed in a patent document. For instance, applying the measure to the three-digit USPTO main patent classes (Hall et al., 2001 ) gives a set of 438 different technological classes. According to , one of the biggest nodes in this network represents the technological class 800 ('multicellular living organisms'), which is a sub-category of the biotechnology class.
2 These authors compute the degree of relatedness between all 438 technologies by focusing on how often two technologies are found within the same US city (defined at the Metropolitan Statistical Area (MSA) level).
Following the approach proposed by Hidalgo and his colleagues, the relatedness measure f i, j, t is computed between each pair of technologies i and j by taking the minimum of the pair-wise conditional probabilities of cities patenting in one technological class i given that they patent in another technological class j during the same period. To avoid noise induced by minor patenting activity, authors generally focus on the primary technological classes listed on patent documents in which cities have a revealed technological advantage (RTA):
where a city c has a RTA in technology i at time t if the share of technology i in the city's technological portfolio is higher than the share of technology i in the entire US patent portfolio. More formally, RTA c, t (i) = 1 if:
Comparing changes in the knowledge space, authors tend to find that relatedness is persistent over time, which is consistent with the fact that knowledge recombination is a slow, gradual and path-dependent process (Kogler et al., 2013; . Figure 6 .2 provides a visual impression of the technology space based on the average degree of relatedness for the entire period 1976-2010 as drawn by Boschma et al. (2015) . This graph clearly shows that different technological classes tend to form interconnected groups that closely correspond to the classification 3 in six main technological areas (Mechanical, Chemical, Drugs and Medical, Electrical and Electronic, Computers and Communications, Others) as proposed by Hall et al. (2001) .
This approach is very efficient when one only has data on (1) a set of geographical units (cities, regions . . .) and (2) a set of knowledge categories (biotechnology, nanotechnology . . .). From the longitudinal observation of co-occurrence of knowledge domains in the same city/region only, it becomes possible to construct the knowledge space and analyse the spatial dynamics of knowledge over time. Now, of course, co-production of knowledge can capture much more than knowledge relatedness understood as a reflection of cognitive proximity between organizations. As acknowledged by Hidalgo et al. (2007) , relatedness can reflect the need for similar institutions, infrastructure, physical factors, technology or a combination of these factors. So using such an outcome-based measure of relatedness for knowledge domains will not necessarily capture scientific or technological relatedness, but probably much more factors that lead to the co-production of knowledge domains. Depending on the research question, it might be useful to use a finer-grained measurement of relatedness. For the analysis of scientific and technological knowledge dynamics, relatedness can be measured from other sources.
Most of the time, patent documents list claims of novelty for different technological classes. In their work on the resilience of cities, Balland et al. (2015) use this information to construct the corresponding knowledge space. They measure relatedness between classes by looking at how often two technology classes co-occur on the same patent. These coclass counts have further been normalized by the product of the number of patents found in each of the technology co-classes, assuming a simple probability calculus (Van Eck and Waltman, 2009). As a result, the technological relatedness measure f i, j, t indicates whether two technology classes i and j co-occur on individual patents more often than what can be expected by chance under the assumption that individual occurrences of patents in class i and in class j are statistically independent. Another strategy, following Rigby (2013) , would be to use citations between classes to measure relatedness. Although these measures tend to be correlated, further research remains necessary to identify to what extent they differ, and to what extent they might capture different proximity dimensions driving knowledge exchanges (Balland, 2012) .
So far we have been discussing the relatedness between two different knowledge
domains, but what interests many geography of innovation scholars is the position of cities in this knowledge space. What type of knowledge are cities producing? How related is the knowledge structure of a city to other knowledge domains? And to analyse knowledge dynamics, by which is meant technological or scientific change within cities and
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Note: The US technology space is constructed using USPTO patent documents from 1976 to 2014. Each node (n = 438) represents a patent technology class (see Hall et al., 2001) , and the links between these patent classes indicate their technological relatedness.
Source: Boschma et al. (2015) .
Figure 6.2 The US technology space
regions, we need to construct a city-technology level variable that indicates how close a potential new technology is to the existing technological portfolio of a given city. This idea is operationalized by the density index (Hidalgo et al., 2007) , which measures how close a new knowledge domain is to the existing set of knowledge in a given city. To continue with the example of patent-based analysis, the density around a given technology i in the city c at time t is computed from the technological relatedness of technology i to the technologies in which the city c has a relative technological advantage at time t, divided by the sum of technological relatedness of technology i to all the other technologies in the USA at time t:
By construction, this relatedness density variable lies between 0 per cent and 100 per cent. A city-technology level density equal to 0 per cent indicates that there is no technology related to technology i in the city c, while a value of 100 per cent indicates that all the technologies related to technology i belong to city c's technological portfolio. Let's take again the example of Figure 6 .1, a simple world consisting of 11 knowledge domains. In this case, K7 is related to two other domains K1 and K4. So the denominator will be equal to 2. Both K1 and K4 can be found in our region of interest, so the relatedness density between our region R1 and K7 is equal to (2/2)*100 = 100 per cent. By contrast, the relatedness density between R1 and K8 is only (1/2)*100 = 50 per cent. So following the evolutionary arguments developed in the theoretical section we would expect that our region is more likely to innovate in K7 than in K8. This empirical framework allows us to test to what extent relatedness is shaping the geography of innovation.
THE EMPIRICS OF RELATEDNESS
Scholars in economic geography have provided detailed accounts of how relatedness shapes the emergence of new knowledge and directs technological change (Best, 2001; Martin and Sunley, 2006) . In his 2005 paper, Glaeser, for instance, explains how Boston has been able to reinvent itself over several periods of crisis by building on pre-existing knowledge domains. Boston was a major player in the shipbuilding industry, and this regional knowledge structure strongly influenced its further development. According to Glaeser (2005) , these 'skills with sailing ships enabled the city to reinvent itself as a global maritime center in the early 19th century' (p. 122). In a similar fashion, Treado (2010) provides a detailed account of the technological trajectory of Pittsburgh. He shows how Pittsburgh has continuously built on strong pre-existing capabilities in the steel industry to develop new development paths to bounce back and achieve economic resilience. Taking a more explicit relatedness approach, Cooke (2008) shows that regions are not equal in their capacity to develop clean technologies. Building on several case studies, he shows that the green regional development that has occurred in regions of California, Jutland and Wales is the result of a complex process of convergence between different pre-existing knowledge bases related to biotechnology, information and communications technology (ICT), wireless, agro-food, agricultural and marine engineering.
Existing industrial and technological case studies tend to acknowledge the historical legacy of regions, emphasizing path dependence rather than random jumps from one technological field to another. The relatedness and knowledge space literature 4 provides a methodological framework to test this idea systematically in quantitative empirical research. It asks whether relatedness is really shaping the geography of innovation (beyond specific cases), and by how much. Recent empirical studies have concentrated on five areas of research: (1) the descriptive and structural analysis of knowledge space; (2) the systematic empirical analysis of the role of relatedness in the emergence of new knowledge across regions; (3) the development of specific technologies/scientific fields; (4) the varying importance of relatedness across knowledge fields, space or economic context; and (5) whether the position of cities in knowledge space can explain innovation performance, technological resilience or reveal the complexity of its knowledge bases.
A first set of papers focuses on the structure and evolution of knowledge space. As knowledge space is the basis of many empirical analyses, it is important to understand how relatedness is constructed, what are the key knowledge domains (core/periphery), which knowledge categories tend to cluster together and how knowledge space evolves over time. In their paper, Kogler et al. (2013) map knowledge space and technological relatedness using USPTO patent data from 1975 to 2005. They compute technological relatedness between all 438 technological classes and describe the structure and evolution of knowledge bases of metropolitan areas in the USA. They show some variation in the structure of knowledge bases of cities (that is, the knowledge space of individual cities) but at the US level they conclude that the knowledge space is very stable over time. In that respect, it is clear that relatedness between technological classes is an enduring pattern . Balland and Rigby (2016) plot American cities in knowledge space, undertaking a 2-mode 5 network analysis. They observe that cities are unequally distributed across knowledge space, with some being located in the core of knowledge space (San José), while others have a more peripheral location despite their size (Detroit). Instead of using patent data, Brachert and Broekel (2014) examine research and development (R&D) collaborations in Germany. Doing so, they explicitly focus on a specific dimension of relatedness, the complementarity of resources, and explore the structure and evolution of knowledge space (that is, complementarity space) using social network analysis techniques.
A growing number of studies have then used knowledge space to assess the role played by relatedness on the dynamics of technological knowledge in cities and regions. test this idea for US cities using a three-way fixed-effects linear probability model (city, technology and year fixed-effects). They find that the entry probability of a new technology in a city increases by 30 per cent if the level of relatedness with existing technologies in the city increases by 10 per cent. Using the same USPTO patent data, Rigby (2013) finds similar results -using different econometric specifications and different relatedness measures -when he examines the role played by density of related technologies in a city with respect to further diversification. The same pattern has recently been documented for European regions (Kogler et al., 2016) . Both papers also support the idea that relatedness tends to prevent the exit of technologies from a city. report that the exit probability of an existing technology in the city decreases by 8 per cent when the level of relatedness with existing technologies increases by 10 per cent. These papers provide a systematic analysis of how relatedness is shaping the geography of innovation and document the strong path-dependent trajectories of technological renewal in cities (both for entry and exit mechanisms).
While the above-mentioned studies investigate the emergence of technologies in general, other work has focused on specific cases. A typical question is: why did ICT massively emerge in Silicon Valley and not elsewhere? Such empirical studies also focus on patent data for high-income countries such as the USA and Europe. For instance, Colombelli et al. (2014) ask why nanotechnology entered the portfolio of some European regions and not others. Focusing on the patenting activity of regions in 15 European countries at the NUTS 2 level, they identify the set of technologies that are related to nanotechnology in knowledge space, look at their spatial distribution within Europe and find that nanotechnology systematically emerges in regions with pre-existing related knowledge bases. The literature also provides strong evidence of the role of relatedness in shaping the spatial dynamics of fuel cell industries in Europe (Tanner, 2016) and of the spatial diffusion and adoption of recombinant DNA (rDNA) technological knowledge in the USA (Feldman et al., 2015) . This is also the case for technological classes developed for mitigation or adaptation against climate change (Van den Berge and Weterings, 2014) , confirming the qualitative studies of Cooke (2008) relating to the unequal capacity of regions to develop clean technologies. All the above studies focus on patent data, but recent analyses have also been conducted using scientific publications. Combining scientometric techniques with the knowledge space approach, analyse the emergence of 1028 scientific topics in biotechnologies worldwide at the city level. In all cases, these studies agree on the important and positive role played by relatedness.
More recently, a few studies have started to investigate the role of relatedness in different scientific and technological contexts. Heimeriks and Balland (2016) investigate whether relatedness plays the same role in the spatial dynamics of four different fields in cities at the global level between 1996 and 2012. While they still identify a positive role for relatedness in all fields, that is, astrophysics, biotechnology, nanotechnology and organic chemistry, they also find remarkable differences in terms of magnitude. For instance, astrophysics is the most path and place-dependent field, while the spatial dynamics of biotechnology knowledge is more difficult to predict. They explain these differences by the heterogeneous levels of task uncertainty and mutual dependence 6 (Whitley, 2000) . Besides differences across scientific fields, the work of Petralia et al. (2015) investigates patterns of technological diversification at the country level. By interacting countries' gross domestic product (GDP) per capita with a variable measuring the distance of a new technology to each country's technological portfolio, they find that relatedness plays a more important role during the early stages of economic development. So, as they develop, countries are better able to make longer technological jumps.
A last set of studies analyses how the position of cities in the knowledge space influences innovation performance, explains technological resilience or reveals the complexity of their knowledge bases. This line of research is an attempt to use information on the knowledge space to characterize the knowledge structure of cities.
7 Rigby and Van Der Wouden (2012) show in their paper that higher levels of average relatedness (that is, technological coherence) in cities increase the rate of invention using patent data. The main argument is that more relatedness within a city can boost efficient knowledge transfer and further productivity in knowledge production. However, such a position can also be detrimental in the long run, as it can reduce the scope of knowledge available and further opportunities for recombination and diversification. Taking a different angle, Balland et al. (2015) analyse the resilience of cities as their relative capacity to sustain the production of technological knowledge in the face of adverse events. Their empirical results suggest that cities with a high degree of relatedness to technologies in which they do not currently possess comparative advantage tend to avoid technological crises (defined as periods of sustained negative growth in patenting activity), have limited downturns in patent production and faster recovery. In another fashion, Balland and Rigby (2016) plot American cities in knowledge space and, using the method proposed by Hidalgo and Haussmann (2009) , map the distribution and evolution of (technological) knowledge complexity in US cities. Looking simultaneously at the range and ubiquity of technologies they develop, the authors show that knowledge complexity is unevenly distributed across the USA and that cities with the most complex technological structure are not necessarily the ones with the highest patent per capita rates.
CONCLUSION AND AVENUES FOR FUTURE RESEARCH
A growing body of empirical literature in the geography of innovation has recently analysed the specific knowledge bases of regions and their evolution over time. This literature does not focus on how much a region is producing, but what a region is producing and why. The underlying theory is evolutionary: regions diversify into new technologies by building upon related, pre-existing knowledge. In this chapter I have discussed the theoretical foundations of this literature but also its methodological framework: the knowledge space. This network-based representation of the knowledge structure of cities is a way to formalize the concept of relatedness, and to systematically test its implication for the evolution of the geography of innovation. A review of recent empirical findings reveals that there is now a consensus that relatedness plays a key role in shaping the geography of innovation, for different regions in the USA and Europe, and for a variety of technological fields.
Such a consensus is not common in economic geography, as the field encompasses many debates (Boschma and Frenken, 2006) . In particular, empirical evolutionary approaches and more qualitative institutional approaches seem to converge on this point. Does this mean that we have now enough empirical evidence to implement a sound policy framework? This is what is argued by Boschma and Gianelle (2014) , for instance. Mapping the knowledge space of regions would be very informative for policy makers as it would then be possible to evaluate what kind of technological developments are within reach (closely related to pre-existing knowledge) and which are risky jumps (far from the skills and competences of the region). Coupled with indicators on the economic value, or quality, of these technological opportunities (Balland and Rigby, 2016) it becomes possible to evaluate the potential benefits of more or less related diversification. In fact, it could be the case that a region has all the knowledge needed to develop a given technology, but that there is no economic interest in doing so (for instance, if this technology is already produced by many other regions, that is, very ubiquitous).
This empirical consensus does not mean that there are no challenges or open research agendas on this topic. It reflects the adoption by many scholars of a sound conceptual (relatedness, regional branching) and methodological (knowledge space) framework with important implications for innovation policy. But clearly, it is important to emphasize that most empirical studies so far have analysed how relatedness shapes the geography of innovation using very similar data sources and quantitative approaches. The knowledge space framework has mainly been used to analyse (1) the development of new scientific or technological knowledge; (2) based on patent data; (3) for a very recent period; (4) in the USA or Europe. It still represents a particular spatial dynamic of knowledge. It is important to know if relatedness plays a different role in developing countries than in developed countries, in a context of economic crisis, across different knowledge domains (more or less complex), at different points of the life cycle of the field considered, or according to different institutional settings and political regimes. Virtually all these important questions remain open.
Despite the fact that relatedness and knowledge space clearly mark the beginning of a new research line, one of the most fundamental questions is still unanswered. What is relatedness? In their paper on product space, Hidalgo et al. (2007, p. 484) explicitly state that they 'take an agnostic approach and use an outcomes-based measure, based on the idea that, if two goods are related because they require similar institutions, infrastructure, physical factors, technology, or some combination thereof, they will tend to be produced in tandem, whereas dissimilar goods are less likely to be produced together'. Despite all the advantages of this approach, it is pretty much the definition of a black box. Is it time to open this black box? Could we learn from the analytical distinction proposed by the proximity school to define different forms of proximity (Bellet et al., 1993; Rallet and Torre, 2001; Boschma, 2005; Carrincazeaux et al., 2008; Balland, 2012) ? It is an urgent question, since many scholars are now proposing different ways to measure relatedness, from job mobility to patent co-classifications.
Finally, an important and basic question for those focusing on relatedness is where does relatedness come from? Empirically, it is revealed by the dynamic analysis of knowledge space. Empirical studies so far have shown that knowledge space is quite stable from one period to another (Kogler et al., 2013; . But these studies analyse, in general, short periods of time (for patent data, mainly since 1975) and aggregate technological categories. A key question is how this knowledge space changes over time. What are the driving forces that shape the creation or dissolution of related ties (or increases/ decreases relatedness)? Who are the actors that bridge unrelated knowledge and generate breakthrough innovations leading to new technological paradigms? The question of what makes two previously unrelated knowledge domains related in the next period is still left unanswered. This question could be tackled by using recent theories and statistical models that have been proposed to analyse the spatial dynamics of inter-organizational knowledge networks (Balland, 2012) . NOTES the relatedness framework. The knowledge space literature is largely building on these studies: Neffke et al. (2011 ), Essletzbichler (2013 , Boschma et al. (2013) . 5. A 2-mode network consists of two different types of nodes, in this case cities and technologies. This specific network structure is also referred to as bipartite, bimodal or an affiliation network in the network literature. Typical examples of 2-mode networks are individual-event networks, interlocking directorates, predatorprey networks or firm-projects networks. 6. Task uncertainty concerns the unpredictability of task outcomes, while mutual dependence measures the dependence on other researchers in order to make a significant contribution. 7. In that respect it comes close to the related variety literature (Frenken et al., 2007) .
